Sample selection models are widely used in microeconometric analysis. Most of these models are employed either as selection models or as dummy endogenous models to estimate the impact of e.g. an active labour market policy. So far, a mixture of these two models has rarely been used. This study aims to combine the sample selection model and the dummy endogenous treatment model using a bivariate selection rule. Moreover, estimation is carried out using full information maximum likelihood (FIML) methods to obtain fully efficient estimates. In most studies a two-step procedure is employed which yields consistent estimates, but inconsistent standard errors. The FIML estimator has rarely been used in micro econometrics so far, as estimation may be complex.
Non-technical summary
Sample selection models are widely used in microeconometric analysis. Most of these models are employed either as selection models or as dummy endogenous models to estimate the impact of e.g. an active labour market policy. So far, a mixture of these two models has rarely been used. This study aims to combine the sample selection model and the dummy endogenous treatment model using a bivariate selection rule. Moreover, estimation is carried out using full information maximum likelihood (FIML) methods to obtain fully efficient estimates. In most studies a two-step procedure is employed which yields consistent estimates, but inconsistent standard errors. The FIML estimator has rarely been used in micro econometrics so far, as estimation may be complex.
To apply the FIML estimator, this study analyses the impact of the so called "brid ging allowance" on firm growth. In Germany start-ups from unemployment may be supported as part of the active labour market policy with bridging allowance. Why should we apply a bivariate selection rule for this kind of investigation? First, there is the classical selection bias that only for surviving firms as well as for firms, which were investigated at least twice an employment growth rate can be derived. Both selection mechanisms are modelled within one equation. Secondly, the typical treatment sample selection bias occurs, as the subsidisation of start-ups with bridging allowance is non-random.
The empirical analysis is based on a regional sample of the ZEW Firm Start-up Panel covering 15 labour market districts using firms founded during 1993 and 1995. Estimation results show that bridging allowance reduces firm growth in Western Germany by almost 10% and in the eastern parts by 6%. These results question the efficiency of this programme. The comparison of the FIML and the two-step estimator shows that the FIML estimator is clearly warranted. The two-step procedure yields almost the same results as the FIML estimator apart from the most interesting parameter, namely bridging allowance. In the two-step procedure the impact of bridging allowance on firm growth is not significantly different from zero. This is an important result as it shows, that the consistency of the two-step estimator is not a sufficient quality for models estimating treatment effects as the significance of the effect is an essential result to asses the efficiency of a treatment. Furthermore the two-step procedure tends to neglect the correlation between the selection equations and the growth equation. Finally, the often mentioned heavy computational burdens entailed by the FIML estimator cannot be found in this study. Moreover, deriving consistent, but inefficient, standard errors for the two-step model would be even more complex.
Introduction
There is a vast literature on sample selection models in all fields of economics. Almost all applications of these models are based on the well known Heckman selection model, either employed as a two-step estimator (Heckman 1976 (Heckman , 1979 , or less often as full information maximum likelihood (FIML) estimator. Common to most of these estimators is that they are based on an univariate selection equation and a linear output equation. One can distinguish two major economic problems where sample selection correction is warranted. Firstly, models where output is only observed for a non-random sample of the whole population (selection model), e.g. working hours for those who are actually working. The second class of sample selection bias models arises in economic investigations of the impacts of training or other active labour market policies (treatment model). In contrast to the former models, output is not only observed for a sub-population but output (e.g. income) is influenced by the probability of belonging to a sub-population, e.g. those people receiving training would have had higher income also without training, due to specific (maybe unobserved) characteristics. Such models are also known as dummy-endogenous regression models.
In contrast to the widely used univariate selection rule, there are only a few studies employing bivariate selection (e.g. Fraker and Moffit, 1988 , Goux and Maurin, 2000 and Pfeiffer or Reize, 2000a . When a bivariate selection rule is modelled, two-step estimation is used often (e.g. Goux and Maurin, 2000) . However, the standard errors of the final regression are inconsistent in the two-step case and adjustment is exceedingly cumbersome. Therefore a FIML estimator, which can be applied to either pure selection models or pure treatment models or a mixture of both seems to be natural. What are the reasons for the lack of FIML models in economic literature (except Fraker and Moffit, 1988) ? Two possible answers may exist (Nawata, 1994) : first, maximisation of the likelihood may be difficult as the function is not globally concave, i.e. there are multiple local maxima. Second, the maxim isation procedure may not converge at all if the correlation parameters are close to -1 or 1.
In this paper both estimation methods of the seldom used bivariate selection model, the two-step and the FIML estimation, are compared. Both procedures are applied on the estimation of the impact of subsidisation of firm foundation out of unemployment on employment growth of the firm. 1 The study intends to test, whether the computational burdens mentioned for the FIML estimator predominate the disadvantage of inconsistent standard errors of the two-step estimator, rather than comparing the behaviour of both estimators, which should be done by a Monte Carlo simulation.
The paper is structured as follows. The next section provides the econometric model, whereas section three briefly discusses the application and data. In section four the estimation results for the FIML and the two-step model are compared, followed by the concluding section.
Econometric Modelling

Bivariate Selection Rule
Suppose a linear output equation for which two selection mechanisms are at work. The first selection bias results from the partial observability of the outcome variable, i.e. the outcome is only observed for a non-random sub-sample. The second selection rule arises from an endogenous dummy variable included on the right hand side of the output equation. Thus, the following simultaneous three equation model can be built up: 
The outcome variable g i is observed iff, s i =1. In equation (1), x i stands for a vector of covariates with the corresponding vector of coefficients β and is assumed to be independent of the error term ε i . ε i is assumed to be normally distributed with mean zero and variance 2 ε σ . g γ measures the impact of the endogenous dummy variable
* is determined by a vector of characteristics w i , whose influence is measured through the coefficient vector δ, while u i is assumed to be a standard normally distributed error term, which is independent of w i . Finally, in equation (3) z i is a vector of variables explaining the observation mechanism for g i and ν i is assumed to be a standard normally distributed error term. z i and ν i are assumed to be independent, whereas, like in equation (1) The correlations between the error terms are left completely unrestricted. Therefore, the trivariate structure of the model leads to the following variance matrix: Heckman et al., 1999) . Furthermore, the model is consistent iff the selection equations are recursive (see Gourieroux, 2000) . This is met, as equation (2) can be expressed as a function of exogenous variables only and equation (3) as a function of exogenous variables and d i * .
The Two-step Estimator
A natural starting point for estimation would be an extension of Heckman's two-step estimator of the univariate selection model to the bivariate selection rule. In the first step, equations (2) and (3) are estimated using a bivariate probit model to obtain the inverses of Mill's ratio, which are defined as: 
In the second step g i is linearly regressed on x i , d i , λ ui and λ vi , which yields Ordinary least squares estimation of (9) produces consistent estimates of β, γ g , σ εu and σ εu , however the estimated standard errors are inconsistent. A correction of the standard errors would be exceedingly cumbersome (see Greene, 1995) . At this stage it should be noted that a zero correlation between u i and ν i would lead to a dramatic simplif ication of the model (see Greene, 1998) . In this case the Mill's ratios would be computed from two independent probits and correction of the standard errors would be the same as for the traditional Heckman model. But it should be also noted that solely a zero value for either σ εu or σ εv would still lead to a complex structure of the Mill's ratio (inclusion of the bivariate normal distribution) and its derivative, respectively.
2 Therefore, the next step to solve our estimation problem is to proceed with FIML estimation.
The Full Information Maximum Likelihood Estimator
To account for the possible correlation between the three error terms, the model can be estimated in one step (i.e. fully simultaneously) using FIML techniques. In contrast to the two-step procedure, such technique will not only produce consistent, but also fully efficient estimates. As we have a bivariate selection rule, there are four different types of contribution to the log-likelihood function. Let us first define 
As we can see from equation (12) the extension of the univariate selection rule to a bivariate rule is straightforward. 3 The main differences are (i) the additional correlation parameter uν ρ between the selection equations,
(ii) the implementation of the bivariate normal distribution Φ 2 instead of the normal distribution and (iii) two more regimes on which the output equation can be selected.
From equation (12) the mixture between the treatment and the selection model can be seen. Whereas the output regression has no contribution on the log-likelihood function if s i =0, there is a contribution for both regimes of d i . Finally, equation (12) shows the parameters which are estimated. Beside the coefficients, including the impact of the endogenous dummy on g i , g γ , four more structural parameters are estimated. These are the correlation coefficients either between g i and d i * , u ε ρ , or between g i and the probability g i is observed, εν ρ . Also the correlation coefficient between the selection equations uν ρ is estimated, as well as the standard error of the growth equation ε σ . The standard errors of the coefficients are estimated using the robust Huber/White/Sandwich estimator instead of the negative inverse of the Hessian (see e.g. Binder, 1983 or White, 1982 . This estimator does not assume a correct specification of distribution of the likelihood function, but merely independence of the observations. It is defined as:
where Π is the vector of the estimated coefficients, H is the Hessian matrix and grad i is the gradient vector of the i-th observation. The estimation is carried out using Stata's (Version 6.0) ML method.
Applying the Bivariate Selection Rule on Firm Growth and Subsidisation
Employment Growth and Selectivity
The econometric model of the previous section is applied to estimate the impact of public subsidisation of firm foundation by the unemployed on employment growth of the start-up. 4 In Germany, the transition from unemployment to self-employment is subsidised as part of active labour market policies. The Federal Employment Services may pay what is known as "bridging allowance" ( Überbrückungsgeld ) according to §57 of the 3 rd Social Security Code (SGB III). 5 The brid ging allowance was first introduced on January 1st, 1986. Since then, it has undergone several legal changes, when periods of more liberal use were followed by periods of rather restrictive use and vice versa. August 1, 1994 represents the most r ecent legal change of bridging allowance, with a considerable improvement in terms of promotion. Since then, bridging allowance has generally been granted to people unemployed for at least four weeks. The duration of promotion is in general for 26 weeks and amounts for the lastly paid unemployed assistance. In addition, during the time of support the contributions to health and nursing insurance, as well as to the retirement fund, are financed at the level of the social security contributions which were last paid for the unemployed person.
To asses the quantitative impact of bridging allowance on employment growth an ordinary least squares regression may be used, including an indicator whether the firm was founded out of unemployment or not. But as known from studies investigating the direct impact of social programmes, participants and nonparticipants of the programme systematically differ in their observable and unobservable characteristics.
6 Therefore, the econometric framework of programme evaluation seems to be appropriate in this study, as the probability of starting a business from unemployment, as well as employment growth, may be influenced by the same observable and unobservable characteristics.
7 Firm foundation from unemployment is allied with various selection processes, e.g. a competent authority has to assess the sustainability of the self-employment envisaged. Furthermore, there are various observable characteristics, like legal form of the firm or industry, and unobservable ones, like personal abilities and employment history of the founder, capital endowment or transition costs, which may influence both processes. As a consequence, a dummy endogenous regression model seems to be appropriate to asses the impact of brid ging allowance.
The second selection problem arises from the fact that employment growth is not observed for all firms. A growth rate can only be determined for the surviving, i.e. the successful companies. However, what one tries to measure is an effect for all start-ups and not only for the group of surviving companies. An estimate using the sample of the surviving companies can overestimate effects on employment growth ("Survivor-Bias"). A further selection process might result for data reasons, since employment growth can only be calculated if the firm was examined at least twice. These two selection biases are captured by one equation.
Thus, two selection mechanisms are at work: the classical Heckman selection problem, that employment growth is only observed for a non-random sub-population and the selection bias arising from non-random firm foundation out of unemployment.
Then, the trivariate model of section (2) is employed as follows: the employment growth rate g is defined as with ln() Et τ being the logarithm of the number of employees at the time of examination t τ . 8 t 1 and t 2 are chosen in such a way that the point of t 1 is the earliest statement on employment and t 2 corresponds to the number of employees determined at the last investigation of the firm. We further assume * i d to be the latent index of being subsidised with bridging allowance and * i s to be the latent index of having a valid observation on employment growth.
Data
The econometric analysis is based on a regional sample of the ZEW Firm Start-up Panel (ZFSP). 9 The observation unit is the legally independent enterprise and not the operational facility. The ZFSP contains newly registered enterprises in Western and Eastern Germany. The information is updated, but not in regular time intervals, and includes firm characteristics like legal form or number of employees, as well as socio-economic characteristics of shareholders, and information on a shut-down or bankruptcy.
The sample used in this study is a matched database, combining the ZFSP and a full census of bridging allowance recipients obtained by the Institute for Emplo yment Research (IAB) in 15 labour market districts during 1994 and 1995. The sample thus includes companies started between the 4th quarter of 1993 and the first half of the 3rd quarter of 1995 in which unemployed persons receiving bridging allo wance are involved, and companies for which this is not the case. Start-ups which are not eligible for subsidisation according to Labour Promotion Law (non-profit associations, agricultural enterprises) have been excluded. In addition the sample is restricted to small and medium start-ups. The aim of this step is again to exclude types of start-ups which are not applicable to the unemployed. Start-ups with 100 or more employees are usually founded by already existing firms and not by individuals.
After the selection, the sample taken from the eleven labour market districts in the old federal states includes 6,031 enterprises, of which 237 are founded by an unemployed person receiving bridging allowance. The sample from the four labour market districts in the new federal states includes 5,323 enterprises, of which 426 are promoted from unemployment. 
Variables and Descriptive Statistics
The factors w which characterise the heterogeneity of start-ups and which are included in the econometric specification of equation (2) are: legal form, industry, type of foundation (original or derivative), shareholder structure, unemployment to vacancy ratio and the legal arrangement of bridging allowance. These factors can be derived from the discussion on the probability of entering self-employment from employment and u nemployment, respectively (see Pfeiffer and Reize, 2000a) . 9 The data in the ZFSP had been made available to the ZEW since 1989 by the Association "Verband der Vereine Creditreform" (VVC): for further details see Harhoff and Steil (1997) . 10 Thus we are able to identify 1,741 more firms of which 45 are subsidised compared to the previous study (Pfeiffer and Reize, 2000a) . As start-ups can enter the panel with some delay, the six additional waves increase the number of firm start-ups for all cohorts.
People will enter self-employment if their expected returns from self-employment are higher than their actual returns from wage work or unemployment plus some additional transition costs. It can be shown that returns and transition costs mainly depend on human capital, financial endowment, social networks and the macroeconomic situation. It seems likely that unemployed people face lower returns and higher transition costs than employed people. Therefore, firms formed by the unemployed are probably rather small, "easily" founded firms with low capital endowment and foundation is more likely during periods of high unemployment.
11
The growth equation is determined by variables typically found in studies examining employment growth on the basis of the ZFSP (see e.g. Harhoff et al., 1998) . Those factors x are derived either from an industrial economics approach including initial employment, legal form, industry and region, or from a labour economics approach including age and gender. Moreover, to account for organisational factors, networks and the type of foundation (original or derivative) are controlled. Finally to account for business cycles, dummy variables are included indicating the different combinations of t 1 and t 2 on a yearly basis. Beside the already mentioned x variables the vector z in equation (3) consists of credit worthiness and the payment history of the company. Table 1 contains a complete list of variables used for estimation as well as some descriptive statistics on these variables for start-ups with and without subsidisation through bridging allo wance (BA). Due to missing values for industry, sex and age, the number of observations for estimation reduces to 4,632 for Western Germany and to 3,437 for the New Federal States. 12 An employment growth rate can be estimated for 2,415 start-ups in the West and 1,615 in the East.
In the Western part of Germany the average employment growth rate is 9.6% for the subsidised and 7.3% for the non subsidised start-ups (Table 1) . Hence, the annual growth rate is just about a half of that in the former study on the impacts of bridging allowance (see Pfeiffer and Reize, 2000a) . As the period of observation with 1,390 days for the non subsidised and 1,598 days for the subsidised firms is between two and three times higher compared to the former analysis, the average growth rate seems to turn down with growing age of the firm. From other studies (e.g. Harhoff et al., 1998 or Almus et al., 1999 it is known that young firms reach their maximum annual growth rate within the first two years after establishment. In the Eastern part, the growth rate for subsidised start-ups is 7.0% and for non-subsidised start-ups 7.8%. The period of observation is somewhat shorter than for the Western parts. Subsidised firms are observed for 1,404 days on average and non-subsidised for 1,373. 
Estimation Results
The estimation results for Western Germany show only marginal differences between the FIML estimator and the two-step procedure ( Table 2) . It is not surprising that the coefficients are nearly identical, but also the standard errors in the two-step model, which are not corrected, have about the same values as the consistent and efficient errors obtained by FIML estimation. 13 As a consequence, should we forget about FIML estimation and just proceed with the less complex two-step procedure without correction of the standard errors? The answer is no. Upon a closer examination of the results we find two major differences between the two models. First, the most interesting coefficient in the growth equation, namely bridging allowance, is negative and significant in the FIML model and negative but insignif icant in the two-step model. Furthermore the coefficient in the two-step model is around 10% smaller than the coefficient obtained by FIML estimation. The second major difference between the two estimators, which is closely related to the first one, is the insignificant correlation between employment growth and subsidisation in the two-step model compared to a significant and positive correlation in the FIML model.
14 This result suggests a positive influence of unobservable characteristics on the probability of starting a firm with the support of bridging allowance as well as on employment growth. The two-step model underestimates this unobserved impact and therefore leads to an upward biased (from negative towards zero) estimate of bridging allowance. Though the estimates are still consistent in the two-step model, the inefficiency of this procedure may lead to wrong conclusions. This seems to be a serious problem especially for dummy endogenous models, as the most interesting parameter of these models, the endogenous dummy, is most affected by the inefficiency. In our case the sole use of the two-step estimator would have led to the result that bridging allowance has no impact on firm growth, whereas bridging allowance in fact reduces growth by almost 10%.
Similar results are obtained for Eastern Germany. Again almost all coefficients and standard errors are the same for both estimators, apart from the coefficient on bridging allowance and the correlation between subsidisation and growth. As for Western Germany, both estimates in the two-step model are insignificant and 13 It should be well noted, that the standard errors of the two-step estimation are only inconsistent for the growth equation. Those in the first step (the bivariate selection equations) are also obtained using FIML estimation. Therefore, the standard errors of the selection equations can even be smaller for the two-step estimation compared to the FIML estimation. 14 Table 2 and Table 3 show the estimated coefficients of the inverses of Mill's ratio (σ εu and σ εv ) for the two-step model, instead of ρ εu and ρ εv . The correlation coefficients are defined as slightly smaller than in the FIML model. In the eastern parts of Germany bridging allowance reduces employment growth by nearly 6%, which is about four percentage points lower than in the West.
There is a negative correlation between growth and selection in Western Germany as well as in Eastern Germany. However, the coefficient for the East is not significantly different from zero. This result may be a hint that worse performing firms are more likely examined by the VVC and that this effect predominates the positive "survivor bias", at least in Western Germany. The correlation between selection and subsid isation is also negative, but only significant for Western Germany. Again there can be a lot of speculation on unobservable factors, which may influence selection and subsidisation in opposite directions. More important for estimation purposes is the fact that the model for the New Federal States can be reduced to a univariate treatment model, as both the correlation between subsidisation and selection as well as the correlation between selection and growth are not statistically different from zero. But, it should be well noted that the two-step estimation would still lead to the wrong conclusion that employment growth can be estimated by ordinary least squares. Again, this would yield an (overestimated) non-zero impact of bridging allowance on employment growth.
The remaining results can be briefly summarised. In both parts of Germany we find evidence against Gibrat's Law that firm growth is proportional to firm size. Furthermore, non-corporate firms seem to grow fastest and start-ups in the finance/ insurance / real estate / housing sector slowest. Organisational factors have no effect on firm growth in the Old Federal States and in the New States start-ups within networks seem to grow faster by 5%. Finally personal characteristics influence firm growth neither in the West nor in the East.
Turning to the subsidisation equation we find for Western Germany, as expected, a positive impact of a tight labour market on the probability of firm foundation out of unemployment. Also, as expected, subsidised start-ups are more often founded as non-corporate firms in the construction sector. An interesting result is that subsidised firms have more shareholders compared to the non-subsidised. This may be a hint, that the subsidisation of an unemployed shareholder can be also attractive for formerly employed firm founders. The inclusion of an unemployed in firm foundation may increase the capital endowment of the firm. Finally during the fourth quarter of 1994 the probability of subsidisation is the highest. For Eastern Germany similar results can be found, apart that the U/V-ratio and industry have no influence on subsidisation.
As the coefficients of the selection equation are difficult to interpret because of two selection processes of firm survival and firm examination (see section 3), they will not be discussed. 
Conclusions
The paper presented an application of a FIML estimator for a mixture of a selection and treatment model with a bivariate selection rule. Furthermore, this estimator was compared to the classical two-step procedure. Estimation of the impact of firm subsidisation with bridging allowance on employment growth showed that the FIML estimator is clearly warranted. The FIML estimator yields a negative and significant impact of bridging allowance on firm growth, whereas the two-step procedure yields a slightly smaller and not significant effect for both parts of Germany. Though, the two-step procedure estimates coefficients consistently, it could still be misleading in models assessing the impact of active labour market policies as it produces inconsistent estimates of the standard errors. In this kind of studies not only the consistency of an estimator is important, but also the efficiency, as the researcher or the political decision-makers are interested in whether the impact is significant different from zero or not.
The two-step estimator is often proposed because of its easier usage compared to the FIML estimator. For sure, the likelihood-function in a selection model with bivariate selection rule may be complex and computation can be difficult some times, but within modern econometric software packages these burdens should be much lower (at least in this study) than the burdens of deriving the correct standard errors in the two-step model. Moreover, these corrected standard errors would still be larger than those of the FIML estimator. Hence, there seems to be no reason to use the two-step procedure instead of the FIML estimator. Though, it should be noted that there may exist other estimators (e.g. GMM), which demand less restrictive assumptions than FIML. The performance of these estimators can be compared in a Monte Carlo study, but this is beyond the scope of this paper.
A further conclusion can be drawn on the active labour market programme of bridging allowance. For Western Germany subsidised start-ups from unemployment have a 10% lower growth rate than other start-ups. For the eastern parts the growth rate is 6% smaller. This questions the efficiency of the programme and confirms our previous findings (see Reize, 2000a,b and Reize, 2000) . Bridging allowance seems to fail (at least) the aim of creating additional employment through firm foundation, which could be a fact of programme design. As discussed in Pfeiffer and Reize and in Reize opportunistic or myopic behaviour of bridging allowance recipients cannot be excluded. To answer the question, whether bridging allowance reaches its direct aim, the creation of stable employment for the former unemployed, firm survival has to be analysed. But as Pfeiffer and Reize (2000a) show, this aim seems to be failed, too. Bridging allowance is a non-refundable grant, which in fact prolongs the entitlement period of unemplo yment benefits by six months. Therefore, businesses may be built up to receive additional unemployment benefits instead of starting a growing company. As a consequence, policy makers may think of revising bridging allowance to a (partly) refundable loan.
